It has been hypothesized that the generalization patterns that accompany learning carry the signatures of the neural systems that are engaged in that learning. Reach adaptation in force fields has generalization patterns that suggest primary engagement of a neural system that encodes movements in the intrinsic coordinates of joints and muscles, and lesser engagement of a neural system that encodes movements in the extrinsic coordinates of the task. Among the cortical motor areas, the intrinsic coordinate system is most prominently represented in the primary sensorimotor cortices. Here, we used transcranial direct current stimulation (tDCS) to alter mechanisms of synaptic plasticity and found that when it was applied to the motor cortex, it increased generalization in intrinsic coordinates but not extrinsic coordinates. However, when tDCS was applied to the posterior parietal cortex, it had no effects on learning or generalization in the force field task. The results suggest that during force field adaptation, the component of learning that produces generalization in intrinsic coordinates depends on the plasticity in the sensorimotor cortex.
Introduction
A useful method with which one can infer the neural architecture of a learning process is by quantifying the generalization patterns (Shadmehr, 2004) . If cells that participate in encoding a novel input-output map have consistent tuning properties, the shape of these tuning functions will leave its signature in the patterns of generalization. For example, practicing discrimination of a visual vernier stimulus results in increased acuity, but does not generalize to nearby locations on the retina, resulting in the inference that learning occurs at an early processing stage in the visual pathway (Poggio et al., 1992) , In the motor domain, training of reaching movements in a force field produces broad generalization in position space (Shadmehr and Mussa-Ivaldi, 1994; Shadmehr and Moussavi, 2000; Malfait et al., 2002) and narrow generalization in direction space (Thoroughman and Shadmehr, 2000) , suggesting involvement of cells that encode state of the limb in the intrinsic coordinates of joints and muscles (Hwang and Shadmehr, 2005) . From this framework, a prediction has emerged that learning of reaching in force fields is primarily (but certainly not exclusively) due to plasticity in the motor areas that encode movements in the intrinsic coordinates of joints and muscles (Sing et al., 2009; Bock and Thomas, 2011) .
In the cerebral cortex, an intrinsic coding of movements has been observed in the primary motor cortex (M1) and the adjacent somatosensory areas . Indeed, during reach adaptation in force fields, M1 neurons show changes in their activity that appear correlated with formation of a memory that predicts the forces (Gandolfo et al., 2000; Li et al., 2001; Arce et al., 2010) , and the details of this encoding have provided some rationale for the shape of the generalization function (Arce et al., 2010) . If the formation of the memory during force-field adaptation depends on the motor cortex, then altering how the motor cortex encodes the memory might alter the patterns of generalization in a predictable way. Here, our aim was to alter mechanisms of plasticity in the human motor cortex and quantify its impact on the encoding of the motor memory.
Although the mechanisms of plasticity in the cortex are still poorly understood, it appears that short-term learning involves weakening of existing inhibitory connections (Hess and Donoghue, 1994) , resulting in unmasking of existing excitatory connections. The inhibitory connections rely on the neurotransmitter GABA, which can be manipulated via transcranial direct current stimulation (tDCS). For example, application of either cathodal or anodal tDCS to the human motor cortex for 10 min results in the reduction of GABA concentrations by ϳ10% (Stagg et al., 2009b) . In addition, application of anodal tDCS to M1 promotes synaptic plasticity in rat brain slices, producing synaptic long-term potentiation (LTP) (Fritsch et al., 2010) , and enhances overnight retention of a sequential motor task (Reis et al., 2009 ). These results raise the possibility that tDCS can be used as an experimental tool to enhance synaptic plasticity in the human brain and alter the process of motor learning. Together, these ideas lead to an interesting prediction: tDCS of M1 might alter representation of the motor memory, increasing generalization in the intrinsic coordinates of joints and muscles during adaptation to force fields.
Materials and Methods
Forty-three neurologically intact, right-hand-dominant human subjects (18 -40 years old, 19 males) were recruited and provided written consent. The subjects were naive to the purpose of the experiment and the procedures were approved by the Johns Hopkins University School of Medicine Institutional Review Board.
Behavioral task. Volunteers held the handle of a robotic arm and made reaching movements in a standard force-field task (Shadmehr and Mussa-Ivaldi, 1994) . The paradigm was adapted from Haswell et al. (2009) . Briefly, participants were trained in reaching movements in one workspace and were tested for generalization patterns in another workspace (Fig. 1 A) . The start position for the movements in the training workspace was 90°elbow and shoulder angles. The start position in the testing workspace was a 90°elbow and a 45°shoulder angle. In the training workspace, target (T)1 was positioned 8 cm in front of the start position. In the testing workspace, targets 2 and 3 were placed so that they represented the same displacement as target 1 in extrinsic and intrinsic coordinates, respectively. At the start of the trial, the robot brought the hand to the start position, a target appeared (6 mm square, 8 cm distance) and the subjects were required to move their hand to land within the target [squared vectorial velocity smaller than 3 (cm/s) 2 ] in Ͻ500 ms after movement start. If they succeeded, the target exploded. The target turned blue to indicate if movement duration was too long. Throughout the experiment, visual feedback of hand position was provided via a cursor. We recorded the force at the handle and the position and velocity of the hand at 100 Hz.
The experiment began with three baseline blocks in which reaching movements were performed in a null field (N1-N3; 54 trials each, blocks separated by a brief set break) (Fig. 1 B) . The set continued with two learning blocks in a velocity-dependent curl force field (FF1 and FF2; viscosity matrix: [0 13; Ϫ13 0] N⅐s/m), and concluded with one test block (113 trials). In the baseline blocks, the subjects made reaches to a pseudorandomly chosen target among the three possible. We interspersed 18 error-clamp trials during the last baseline block. In an error-clamp trial, the hand path was constrained to a straight line by a channel (spring coefficient, 2500 N/m; damping coefficient, 25 N⅐s/m) (Scheidt et al., 2000) . Errorclamp trials provide movements with almost zero error, hence minimally disrupting the learning process. This is in contrast to catch trials, in which the force field is removed, causing unlearning (Thoroughman and Shadmehr, 2000) . The learning blocks (FF1 and FF2) consisted of three sets of 18 movements: 15 movements to T1 under force-field perturbation followed by three error-clamp trials (one to each of the three targets). The test block started with a series of five field trials to T1 followed by 108 error-clamp trials pseudorandomly distributed to the three targets.
Brain stimulation procedures. Transcranial direct current stimulation was delivered through two 25cm 2 sponge electrodes soaked in saline solution. One of the electrodes was positioned on the skin overlying the contralateral supraorbital region whereas the other covered the left M1 or the left posterior parietal cortex (PPC). For M1 stimulation, the electrode was centered on the hotspot of the first dorsal interosseus muscle, which corresponded to the optimal position for eliciting a consistent motor-evoked potential using transcranial magnetic stimulation (70 mm coil coupled with a Magstim 200). Given the size of the electrode, the arm area of M1 was also stimulated. The PPC was localized using the 10 -20 EEG system (marker P3). Following Herwig et al. (2003) , this electrode placement should overlay the posterior parietal cortex (especially the intraparietal sulcus) with sufficient accuracy. For instance, the same electrode placement has been shown to influence performance in a visuospatial task (Sparing et al., 2009) . After the second null block (N2), the electrodes were placed on the subject's head and a 1 mA current was delivered through the electrodes using a Phoresor II Auto (Model PM850; IOMED) without any obvious changes in performance. The stimulation lasted until the end of the experiment for the active tDCS groups (20 min). For the sham group, the brain stimulation lasted for 30 s.
Experimental groups. We recruited five groups of subjects. These groups were differentiated based on which brain area was stimulated. For the M1 cathodal tDCS group (n ϭ 8), the cathodal electrode was placed on M1. For M1 anodal tDCS group (n ϭ 8), the anodal electrode was placed on M1. For M1 sham group (n ϭ 11), the anodal electrode was placed on M1 and turned on for 30 s and then turned off. For the PPC cathodal tDCS group (n ϭ 8), the cathodal electrode was placed on the PPC. For the PPC anodal tDCS group (n ϭ 8), the anodal electrode was placed on the PPC.
Data analysis. Performance was measured via the force produced against channel walls during error-clamp trials and via the position and velocity of the hand during field trials. All trials were aligned with respect Figure 1 . Learning and generalization of reaching in a force-field task. A, Subjects were trained to reach under force-field perturbation to T1. Generalization in intrinsic and extrinsic coordinates was tested with reaching movements to test T2 and T3. T2 required identical hand and cursor motion (as compared with T1) whereas T3 required identical joint motion (as compared with T1). B, The experiment started with 162 trials in a null field followed by 108 trials under force-field perturbation. During the field trials, the learning and generalization were assessed every 15 trials with one error-clamp trial to each of the three targets (blue zones). In an error-clamp trial, the robot produces a stiff channel from start position to the target, minimizing movement errors and allowing us to measure the forces that subjects produce against channel walls. These forces are a proxy for the perturbation that the brain expects on that trial. The test block started with five reaching movements under force-field perturbation to T1 followed by 108 error-clamp trials to T1, T2, or T3 in random order (blue zone). Note that, after the baseline blocks, all movements to T2 and T3 are in error-clamp trials. C, Normalized force profiles recorded during the first three error-clamp trials to each of the three targets during the test block. Force profiles were aligned on peak tangential velocity and normalized with ideal force at peak tangential velocity. Data are across subject mean and SEM. D, Evolution of the normalized force at peak tangential velocity over the course of error-clamp trials. Force data were averaged over three error-clamp trials (bin size) and are presented for each target separately. Error bars are SEM.
to peak tangential velocity. Baseline force profiles were subtracted from force profiles measured during the learning and test phases for each target and each subject separately. To quantify adaptation, during errorclamp trials, we measured the force subjects exerted at the time of peak velocity. For each subject, we normalized this force by the ideal force that the subjects should have had produced at that time. The ideal force is the velocity-dependent force that would counteract the force field perfectly. It is obtained by multiplying the velocity profile of the hand trajectory by the strength of the force field (13 N⅐m/s). The ratio between measured and ideal forces taken at the time of peak velocity was then multiplied by 100, which yields an adaptation index expressed as percentage of force. This index is equal to 100 for full adaptation and zero for no adaptation. To quantify generalization from T1 to T2 or T3, we divided the adaptation index computed for T2 or T3 by the adaptation index for T1 at the end of the learning (first three error-clamp trials to T1 at the start of the test period) and multiplied the result by 100. This normalization procedure yielded a generalization index in which 100 corresponds to full transfer of learning and zero to no transfer.
To investigate the influence of tDCS on the generalization patterns independently of the possible effect of tDCS on retention, we first focused on the start of the test period and averaged the generalization index over the first three error-clamp trials for each target and each subject separately. This measure was then submitted to an ANOVA with group and target (T2 and T3) as between-and within-subject factors, respectively. To analyze the effect of tDCS on the generalization index during the learning period, we averaged the generalization index over the three error-clamp trials (of each learning block) for each target separately. For each target, we ran a separate ANOVA with block (FF1 and FF2) and group as within-and between-subject factors, respectively. During the test period, we binned the error-clamp trials to a given target by groups of three. A multivariate ANOVA (Wilks' lambda statistic) with bin as within-subject factor (12 multivariate levels) and group as betweensubject factor was then performed. To analyze the effect of tDCS on the kinematics during the learning period, we averaged the maximum perpendicular deviation and the initial perpendicular velocity (measured 100 ms after movement onset) over the second half of each set of 15 movements toward T1. We used these kinematic measures as the dependent variable in a multivariate ANOVA with group as a between-subject factor and set as a within-subject factor (six multivariate levels). Tukey's post hoc test was used to assess one-to-one differences. All statistical analyses were performed using Statistica (Statsoft).
We examined the rate of decay of the force output during the errorclamp trials (to T1) of the test period. This rate was estimated by fitting a single exponential of the form f(n) ϭ a exp(Ϫbn) to the dataset for each subject. In this equation, f(n)is the adaptation index on trial n. This continuous-domain equation can be well approximated in the discrete domain:
, in which (1 Ϫ b) is an estimate of sensitivity of the memory to trial. Therefore, b is fraction of the force that is lost from one trial to the next. To assess between-group differences in rate of decay, we ran a bootstrap analysis on the parameter b with 10,000 resamplings (bootstrap function in Matlab).
Results
Volunteers adapted to a force field by reaching to a single target in one workspace (trained direction, T1) (Fig. 1 A) and were tested for generalization in another workspace (T2 and T3). Figure 1C displays the raw forces that subjects produced immediately after completion of the training for T1 [i.e., when all movements were in error-clamp trials (Fig. 1 B) ]. The traces are presented as a percentage of the largest force exerted by manipulandum during the same trial (see Materials and Methods). During these errorclamp trials, subjects produced some force to oppose the expected perturbation. How much force was produced during an error-clamp trial to T1 is a proxy of how much subjects have learned. In contrast, for T2 and T3, the force produced during error-clamp trials is a measure of how much subjects transfered their learning from T1 to other targets as subjects had never experienced any perturbation during movements toward T2 or T3.
The similarity of the force profiles across various groups to T1 indicates that all the groups learned the task comparably and M1 stimulation did not affect performance toward T1 (Fig. 1C, top) . Similarly, M1 stimulation (regardless of modality) did not alter the force patterns toward T2 (extrinsic generalization) (Fig. 1C,  middle) . However, both anodal and cathodal M1 stimulation appeared to increase the forces subjects produced to target T3 (Fig. 1C, bottom) . In other words, M1 stimulation increased the transfer of learning from T1 to T3.
For each error-clamp trial, the force profile was quantified by the amount of force at peak velocity (Fig. 1C, dashed vertical  line) . The evolution of this force measure over the course of trials (Fig. 1 D) illustrates that the increased force observed for T3 (Fig.  1 D, right) lasted throughout the test period for both anodal and cathodal stimulation. In contrast, the force index did not exhibit any major differences between the three groups for T1 and T2 (Fig. 1 D, left and middle) .
Statistical analysis suggested that there were no significant effects of tDCS on forces that subjects produced for T1 during the learning period (Fig. 1 D, left ; Table 1 ). There were also no significant effects of tDCS for T1 during the test period that followed training (Table 1) . Given the surprising absence of effect of tDCS on how fast subjects forgot [absence of interaction between bin number and group (Table 1) ], we performed a second, more sensitive analysis to determine whether tDCS influenced the rate of decay during the test period. To do so, we fitted an exponential to the T1 adaptation index (Fig. 1 D) during the test period (see To quantify how much people generalized their learning and whether M1 stimulation altered this generalization pattern, we measured the force produced for T2 or T3 as a fraction of force produced in T1 at the end of adaptation (first three error-clamp trials to T1 at the start of the test period) for each subject separately. This index (expressed as a percentage) is shown in Figure  2 A for the first three movements of the test period to T2 and T3, and for the entire experiment in Figure 2 , B and C. Focusing on the first three error-clamp trials to each target allowed us to measure differences in generalization independently of possible differences in retention.
For the first three movements to T2 and T3 in the test period (Fig. 2 A) , we found that M1 stimulation enhanced generalization to T3, but not to T2. Indeed, for these trials, a repeated-measure ANOVA with the generalization index as dependent measure and group (sham, anodal, and cathodal) and target (T2 and T3) as between-and within-subject factors, respectively, revealed an interaction between group and targets (p ϭ 0.025). This interaction was driven by a higher generalization for T3 in both the anodal and cathodal groups than in the sham group (p ϭ 0.027 and p ϭ 0.03, respectively). We did not find any significant effect of tDCS for T2 (both p Ͼ 0.95). Rather, tDCS of M1 appeared to increase the generalization to T3, i.e., M1 tDCS increased generalization in intrinsic coordinates. Importantly, this effect was independent of the polarity of tDCS.
This increased generalization to T3 but not T2 was evident throughout the entire learning and test periods (Fig. 2 B, C) . For example, for T2 (Fig. 2 B) , which quantifies generalization in extrinsic coordinates, we found no significant effect of tDCS during the learning or test periods (Table 1) . However, for T3 (Fig. 2C , Table 1 ), we found a marginal interaction between groups and blocks during the learning period (p ϭ 0.07) and a clear main effect of group during the test period (p ϭ 0.01). In summary, the generalization index for T3 tended to increase faster during the learning period and stayed higher during the test period for both M1 tDCS groups than for the sham group, with no apparent effect of tDCS on the decay rate during the test period. Figure 3 displays measures of kinematics (top, maximum perpendicular error; bottom, initial perpendicular velocity) that the subjects produced during baseline and learning periods. During the learning period, the force field was present for T1, whereas all trials for T2 and T3 were in error clamps. During the subsequent test period, movements to all targets were error-clamp trials. We found no significant effect of tDCS on maximum perpendicular error to T1 during the learning period (Fig. 3) ; the performance was nearly identical in the anodal, cathodal, and sham conditions. For example, note the slight forgetting that took place for T1 during the learning period (Fig. 3A, top, dashed vertical lines) . This forgetting followed the movements to targets T2 and T3. The patterns of acquisition and forgetting were essentially identical in the three groups. To quantify the evolution of the kinematics over the course of learning, we measured the average maximum perpendicular deviation of the last seven field trials to T1 of each set of 18 movements during the learning block (see Materials and Methods, above). An ANOVA on this parameter with group (sham, anodal, and cathodal) as between-subject factor and set as within-subject factor did not reveal any influence of tDCS on the kinematics during learning (Table 1 ). The subjects from the three groups improved similarly throughout the different sets. During movements, both feedforward (planned) and feedback pathways influence the trajectory of the hand. Only the first 100 -150 ms of the movements are likely devoid of any influence of the feedback pathway because of sensory delays. Therefore, the maximum perpendicular deviation measure (ϳ350 ms after movement onset) reflects the contribution of both feedforward and feedback pathways. To isolate the possible effect of tDCS on the feedforward pathway, we also analyzed the initial perpendicular velocity (Fig.  3B) . Again, we did not find any evidence of tDCS on movement kinematics (Table 1) . Therefore, although M1 tDCS increased generalization patterns in intrinsic coordinates (T3) (Figs. 1 D, 2C) , acquisition and decay rates for movement kinematics (Fig. 3) and forces (Fig. 1 D) in the training T1 were unaffected.
To test for specificity of our generalization results to M1, we recruited two additional groups in which tDCS were delivered over the PPC (anodal and cathodal) (Figs. 4, 5) . As we found no main effect of tDCS polarity on performance (see below), we combined the anodal and cathodal groups together and represented the combined PPC tDCS group and the combined M1 tDCS group (Fig. 4 B) , although the polarity of the stimulation was taken into account in the statistical analyses ( Table 2 ). The raw force profiles that subjects produced in the first three trials of the test period are shown in Figure 4 A. As compared with M1 tDCS, PPC tDCS appeared to have no effect on extrinsic generalization (T2). In contrast, M1 tDCS produced a greater intrinsic generalization (T3) than PPC tDCS. The evolution of the force index over the course of trials (Fig. 4B) highlights the fact that the increased force observed for T3 immediately at the end of the learning (Fig. 4A ) lasted throughout the test period. The data in Figure 4 , A and B, also highlight the fact that the PPC and sham groups behaved very similarly.
As in the comparison between sham and M1 tDCS groups, we quantified the patterns of generalization via a generalization index (Fig. 5) . We initially focused on the first three error-clamp trials of the test period directed to T2 and T3. For these trials, we performed an ANOVA on the generalization index with polarity (anodal and cathodal) and area (M1 and PPC) as between-subject factors and target (T2 and T3) as a within-subject factor (Fig.  5A , Table 2 ). The ANOVA revealed an interaction between area and targets (p ϭ 0.03). At the start of the test period, post hoc testing indicates that generalization index for T3 was higher during M1 stimulation than during PPC stimulation (p ϭ 0.002). Again, we did not find any differences in generalization for T2 (p ϭ 0.55). Finally, the polarity factor did not produce any significant main effects or interactions (Table 2) . A more detailed view of the generalization index during learning and test periods is provided in Figure 5 , B and C. M1 tDCS produced clearly increased forces in direction T3 during the whole test period (p ϭ 0.0008). In contrast, for T2, we found no significant effect of area during the test period ( Table 2) .
The patterns of M1 versus PPC stimulation (Figs. 4, 5) resembled what we had previously observed in the comparison of M1 versus sham stimulation (Figs. 1, 2) . Indeed, when we compared the PPC group to the sham group, we found that the two groups were indistinguishable; ANOVA on the generalization index at the start of the test period (similar to Figs. 2 A, 5A) with groups (sham, PPC anodal, and PPC cathodal) as between-subject factor and target as within-subject factor did not reveal any significant effect of groups (main effect: F (2,24) ϭ 1.01, p ϭ 0.38; interaction: . Site specificity of the tDCS effect: M1 versus PPC. A, Normalized force profiles recorded during the first three errorclamp trials to each of the three targets during the test block. Force profiles were aligned on peak tangential velocity and normalized with ideal force at peak tangential velocity. B, Evolution of the normalized force at peak tangential velocity over the course of error-clamp trials. Force data were averaged over three error-clamp trials (bin size) and are presented for each target separately. Data from the sham group (Fig. 1) were added for the sake of comparison between the sham and the PPC groups. Dashed vertical lines represent set breaks.
groups during baseline and learning periods did not differ (data not shown). In summary, M1 tDCS stimulation but not PPC stimulation produced increased generalization in intrinsic coordinates, and this increase was independent of stimulation polarity.
Discussion
The driving hypothesis of our study was that enhancing plasticity of M1 by means of tDCS would leave a specific signature: alter the patterns of motor learning to increase generalization in the intrinsic coordinates of joints and muscles. Subjects made reaching movements in a force field in a training workspace and were tested in error-clamp trials in a test workspace (i.e., a new shoulder posture). In the error-clamp trials, a channel guided the reaching movements to the target, removing errors while allowing us to measure the forces that subjects produced against channel walls. Previous work has shown that in this task, in the test workspace, the forces are larger for movements that have the same joint rotations as the movement in the trained workspace (termed intrinsic generalization), and smaller for movements that have the same hand motion as the movement in the trained workspace (termed extrinsic generalization). The use of a single target for force-field adaptation yields a behaviorally narrow generalization function (Mattar and Ostry, 2007) , allowing us to minimize the spillover of generalization between the extrinsic and intrinsic directions. A previous study confirms that, in this paradigm, those two directions are separable (Haswell et al., 2009) . We found that when tDCS was applied to M1 (regardless of its polarity), it did not alter the adaptation patterns in the training workspace. However, it increased generalization in intrinsic coordinates, while leaving no effects on the extrinsic generalization patterns.
To test for the spatial specificity of the observed effects, we applied tDCS to the PPC. This area is involved in the voluntary control of movements (Andersen and Cui, 2009 ) and is anatomically connected to M1 (Strick and Kim, 1978; Zarzecki et al., 1978; Koch et al., 2007) , but unlike M1, does not represent movements in the intrinsic coordinates of joints and muscles . We found that unlike M1, tDCS over PPC had no effect on generalization patterns. This does not mean that PPC does not play a role in extrinsic generalization. Indeed, there is no direct relationship between the absence of effect of tDCS on a given area during a particular task and the involvement of the same area in Figure 5 . Site specificity of the tDCS effect: M1 versus PPC. A, Generalization patterns at the beginning of test period (same as Fig. 2A ). Error bars are confidence intervals. B, C, Evolution of the generalization index over the course of error-clamp trials. Generalization index was averaged over three error-clamp trials (bin size) and are presented for each target separately. Data from the sham group (Fig. 2) were added for the sake of comparison between the sham and the PPC groups. Dashed vertical lines represent set breaks. Asterisks indicate significant differences. the same task. For instance, modulation of the supplementary motor area or the dorsolateral prefrontal cortex by tDCS does not influence learning in a serial reaction time task (Nitsche et al., 2003) , although both areas are involved in this task (Willingham, 1998) . The patterns of generalization during force-field adaptation have been widely investigated behaviorally and theoretically (Shadmehr and Mussa-Ivaldi, 1994; Shadmehr and Moussavi, 2000; Malfait et al., 2002; Criscimagna-Hemminger et al., 2003; Donchin et al., 2003; Hwang et al., 2003 Hwang et al., , 2006 Malfait and Ostry, 2004; Shadmehr, 2004; Krakauer et al., 2006; Berniker and Kording, 2008; Kluzik et al., 2008; Haswell et al., 2009 ), but the neural substrates underlying this generalization remains poorly understood. The consistent finding has been that adaptation generalizes strongly in intrinsic coordinates, and a long-standing hypothesis has been that this generalization reflects learning in a network in which the neurons primarily encode movements in the coordinates of joints and muscles. Here, we uncovered evidence that agents that modulate motor cortex plasticity and facilitate motor learning (Reis et al., 2009 ) elicit greater generalization in intrinsic coordinates. This change in generalization could result either from a larger recruitment of cells during the learning (increase in population number) or from a larger modification of the activity of the cells involved in the learning (increase in modulation). Therefore, our results are a useful test of the hypothesis that the behaviorally quantified generalization patterns are due to the tuning properties of cells in a specific cortical network.
Our task involved learning of a new relationship between motor commands and their proprioceptive and visual-sensory consequences. In this way, the learning was fundamentally different from studies that consider repetition-dependent plasticity (Classen et al., 1998; Galea and Celnik, 2009) , in which the focus is on repetition of simple movements like thumb flexion. The effects of M1 tDCS that we observed are consistent with enhancing repetition-dependent plasticity in the coordinates of muscles but not in the extrinsic coordinates of the task. However, in our study, this enhancement was exhibited at a new arm posture, and not merely in the same position in which the task was practiced. This is crucial because a change in arm posture produces fundamental changes in the tuning of cells in the motor cortex (Caminiti et al., 1990 (Caminiti et al., , 1991 . Note that the arm posture is very carefully controlled in all the repetition-dependent plasticity experiments (Classen et al., 1998) , as posture affects the results of brain stimulation (Wassermann et al., 1998) .
One implication of our work is that in patient populations in which reach adaptation is abnormal, the specific abnormality may be a signature of the locus of the neural disorder. For example, in children with autistic spectrum disorders, reach adaptation in force fields is comparable to typically developing children (Gidley Larson et al., 2008) , but produces a greater than normal generalization in intrinsic coordinates (Haswell et al., 2009) . Our inference has been that movements of these children rely more heavily on networks that represent movements in the intrinsic coordinates of joints and muscles, e.g., the motor cortex. This conjecture is consistent with recent neuroimaging results that show increased motor cortex white matter volume in autistic children (Mostofsky et al., 2007) .
Our work produced two novel and somewhat surprising results: first, the effect of tDCS on M1 was not associated with the polarity of the stimulation; and second, despite the dense connections between some subregions of PPC and M1, the effect of tDCS was specific to M1. These results provide insights in the use of tDCS to study brain function, as elaborated below.
Our study produced the surprising observation that there were no behavioral differences in the modality of tDCS stimulation: both anodal and cathodal tDCS of M1 increased generalization in intrinsic coordinates. Previous work had found positive effects of tDCS during motor learning for only anodal tDCS (Galea and Celnik, 2009; Hunter et al., 2009; Reis et al., 2009) . What might explain our modality-independent result? A single session of motor learning strengthens horizontal excitatory connections in M1 (Rioult-Pedotti et al., 1998) , weakens inhibitory connections (Floyer-Lea et al., 2006) , and induces formation of postsynaptic dendritic spines (Xu et al., 2009; Yang et al., 2009 ). This rewiring of M1 results in the formation of new cortical ensembles (Komiyama et al., 2010) through micro-rewiring (DeBello, 2008) . A significant component of this micro-rewiring is an unmasking of existing excitatory connections because of weakening of existing inhibitory connections. For example, during motor learning, there is a decrease in GABA concentration in M1 (Floyer-Lea et al., 2006) , and this decrease is a necessary component of the micro-rewiring (Jacobs and Donoghue, 1991; RioultPedotti et al., 1998) . Indeed, drugs that act as GABA agonists tend to inhibit formation of cortical LTP (Hess and Donoghue, 1994) , resulting in reduced plasticity in the motor cortex (Bütefisch et al., 2000; McDonnell et al., 2007) . In humans, drugs that act as GABA agonists produce impairments in reach adaptation in force fields (Donchin et al., 2002) . Therefore, GABA is a key neurotransmitter involved in M1 short-term plasticity.
Long periods of both anodal and cathodal tDCS of human M1 reduce GABA concentrations (Stagg et al., 2009b; Stagg and Nitsche, 2011) . This reduction can promote unmasking of excitatory connections in M1. Indeed, a decrease in GABA concentration promotes short-term modulation of potentiation but does not elicit long-term potentiation (Fritsch et al., 2010) , which can only be elicited via NMDA-dependent processes. Anodal tDCS but not cathodal tDCS acts on NMDA-dependent processes (Fritsch et al., 2010) . Therefore, both anodal and cathodal tDCS can increase potentiation of synapses, but this potentiation is maintained longer for anodal stimulation. Accordingly, motor learning experiments in which there have been positive effects of both anodal and cathodal stimulation have revealed these effects during the period of stimulation (Nitsche et al., 2003 ; this study), whereas motor learning tasks that have found a positive effect of anodal stimulation have found their effects during a period after the stimulation (Cogiamanian et al., 2008; Galea et al., 2009 ). This explanation is in accordance with the tDCS literature: anodal tDCS influences offline changes in skill level but not cathodal tDCS (Reis et al., 2009 ) and cathodal tDCS aftereffect is short lasting compared with anodal tDCS (Nitsche and Paulus, 2000) . We speculate that the similarity of behavioral effects produced by anodal and cathodal stimulation might arise from short-term potentiation elicited by tDCS on GABA.
A second surprisingly component of our result was the regional specificity of the effects of tDCS. Whereas M1 tDCS increased generalization in intrinsic coordinates, PPC tDCS had no effect. Modeling studies indicate that peak current is located immediately below the tDCS electrode and spreads widely throughout the brain (Miranda et al., 2006; Wagner et al., 2007a,b; Sadleir et al., 2010) . Imaging studies draw similar conclusions with respect to the spatial influence of tDCS (Baudewig et al., 2001; Lang et al., 2005; Kwon et al., 2008; Stagg et al., 2009a) . Therefore, spatial selectivity of tDCS needs to be addressed directly to confirm the origin of the effect. In the present study, we found that the patterns of generalization after M1 and PPC tDCS stimulation differed (Fig. 5) , although some subregions of PPC are densely connected to M1 (Strick and Kim, 1978; Zarzecki et al., 1978) .
We found that M1 stimulation affected generalization patterns but had no effect on adaptation rates. A recent study that also examined effects of tDCS on reach adaptation suggested that tDCS of M1 increased adaptation rates (Hunter et al., 2009) . That result, however, appears to be mainly due to effects of tDCS on movement speed, which were not controlled in that study but were controlled in our task. Transcranial direct-current stimulation of the motor cortex has been associated with increased retention of a newly learned behavior.
In conclusion, we demonstrated that a process that likely modulates M1 plasticity influences the association between proprioceptive errors and motor commands, increasing generalization patterns in the intrinsic coordinates of joints and muscles. This finding is relevant for rehabilitation procedures, which aim at maximizing the learning about the limb (i.e., in intrinsic coordinates) and not the learning about the training environment (i.e., in extrinsic coordinates). Therefore, in addition to increasing plasticity and allowing further improvement in motor function after stroke , we have shown that tDCS can enhance the generalization of motor learning in the intrinsic coordinates of the limb.
